The tropospheric wet delay induced by water vapor is a major error source in precise point positioning (PPP), significantly influencing the convergence time to obtain high-accuracy positioning. Thus, high-quality water vapor information is necessary to support PPP processing. This study presents the use of tomographic wet refractivity (WR) fields in PPP to examine their impacts on the positioning performance. Tests are carried out based on 1-year of 2013 global navigation satellite system (GNSS) observations (30 s sampling rate) from three stations with different altitudes in the Hong Kong GNSS network. Coordinate errors with respect to reference values at a 0.1 m level of convergence is used for the north, east, and up components, whilst an error of 0.2 m is adopted for 3D position convergence. Experimental results demonstrate that, in both static and kinematic modes, the tomography-based PPP approach outperforms empirical tropospheric models in terms of positioning accuracy and convergence time. Compared with the results based on traditional, Saastamoinen, AN (Askne and Nordis), and VMF1 (Vienna Mapping Function 1) models, 23-48% improvements of positioning accuracy, and 5-30% reductions of convergence time are achieved with the application of tomographic WR fields. When using a tomography model, about 35% of the solutions converged within 20 min, whereas only 23%, 25%, 25%, and 30% solutions converged within 20 min for the traditional, Saastamoinen, AN, and VMF1 models, respectively. Our study demonstrates the benefit to real-time PPP processing brought by additional tomographic WR fields as they can significantly improve the PPP solution and reduce the convergence time for the up component.
Introduction
The increasingly popular precise point positioning (PPP) technique has been demonstrated to be a potent tool in many Global Navigation Satellite System (GNSS) applications, such as meteorology, precise orbiting, earthquake detection, and precise timing [1] [2] [3] [4] . Atmospheric delays are a major error source in PPP, where the ionospheric delays are often eliminated by combining dual frequency observables [5, 6] . For tropospheric delays, they are usually estimated as unknown parameters together with receiver coordinates, receiver clock corrections, and ambiguities [7] . The slant tropospheric delays are, in general, obtained by mapping the zenith tropospheric delay (ZTD) estimated into the signal of tomographic WR fields on PPP processing. The evaluation of tomographic SWDs by ECMWF reanalysis data is also described in this section. Finally, the summary is given in Section 4.
Methodology
The models employed to obtain ZHD and ZWD corrections, as well as mapping functions, are introduced in this section. In addition, the PPP processing strategy is also described.
Empirical Tropospheric Models
Assuming the air is an ideal gas and the troposphere satisfies the hydrostatic equilibrium, Saastamoinen et al. developed the following ZHD model that depends on atmospheric pressure [26] : ZHD = 2.2793 P s /(1 − 0.0026 cos 2ϕ − 0.00028h),
where P s (unit: hPa) is the surface pressure, ϕ is the station latitude (unit: radians), and h is the height of the station above sea level (unit: km).
Since atmospheric water vapor is highly variable in both the space and time domains, the ZWD is often difficult to be accurately modeled when only using surface meteorological parameters. Despite this, many ZWD models have been developed in the past decades. As suggested by Reference [11] , the Saastamoinen ZWD model is recommended as the optimal model for the China region because of its simplicity and good performance. In addition, when surface meteorological data are unavailable, the best choice is to use the Askne and Nordis (short for AN hereafter) ZWD model with meteorological parameters provided by the GPT2 model. Therefore, both empirical ZWD models will be tested in PPP processing. As for the Saastamoinen model, ZWD is calculated by [27] :
where T s (unit: Kelvin degrees) and e s (unit: hPa) represent the surface temperature and water vapor pressure, respectively. The AN ZWD model reads as follows [28] : 
where T m and ω are the weighted mean temperature and water vapor decrease factor, respectively, which can be provided by the GPT2w model [10] . g m is the gravity acceleration that can be calculated from empirical model with latitude and height. In addition, the Vienna mapping functions 1 (VMF1) can provide ZHD and ZWD values on global grids that have been determined from forecasting data of the ECMWF. The 24-h forecasting products (ZHD, ZWD and VMF1 coefficients) have a good performance and, thus, are also examined in our real-time PPP analysis [29] . In the PPP processing, the slant tropospheric delays are calculated by mapping the zenith delays into the radio line-of-sight direction with the VMF1 since it is the most accurate mapping function for the entire history of space geodetic observations [29, 30] .
Tropospheric Delay Derived from Tomographic WR Field
Tropospheric wet delays can be accurately calculated if the full humidity profile is known. The tomographic technique is a powerful tool for modeling atmospheric water vapor with high spatiotemporal resolutions [18, 31] . A multi-source water vapor tomography system has been developed in Hong Kong as reported by Reference [21] . The tomographic products have been successfully used for detecting the water vapor variability during heavy precipitation events in Hong Kong [25] . In the present work, we further apply the tomographic WR fields in PPP processing. The slant wet delays (SWDs) used for reconstructing the WR field were derived from the double difference observations as processed by the Bernese 5.2 software. The zero difference residuals are extracted from the double difference residuals by using the method proposed by Alber et al. [32] . In the tomography, both horizontal constraints and vertical a priori information averaged from 3-day radiosonde measurements were adopted to solve the WR fields. With the use of tomographic WR fields, the SWD along the ray path from a receiver to a satellite can be yielded as
where n is the number of tomographic voxels crossed by the SWD, N wi is the WR in the voxel i, and d i is the length of the ray path within the voxel i. In this study, the tomographic discretization model determined in Reference [33] is employed.
PPP Processing Strategy
The ionosphere-free carrier phase observation used in PPP can be expressed as
where l represents the misclosure value in length units; u is the unit vector of the direction from the receiver to the satellite observed (with elevation angle ele and azimuth angle azi); δ r is the correction to the approximate receiver position; δ c stands for receiver clock error in meters; a denotes the float ambiguities scaled to meters, which are also designed to partially absorb residual systematic errors, hence, no attempt is made to fix it; δ T represents the residual slant tropospheric delays, it is associated with the zenith wet delay (ZWD) and horizontal gradient delays (g N and g E ) through corresponding mapping functions m zwd and (m gN and m gE ), respectively; is the observation error, assumed to be normal distributed and the variance is calculated based on the elevation-dependent weighting model. Corrections projected to the line of sight are applied for satellite clock error, hydrostatic delay, tidal loadings, relativistic effects, earth rotation, antenna phase center corrections, and wind-up effects [34] . The Kalman filter is applied to estimate the parameters [5] . The zenith wet delay is estimated as a 1-h constant and the gradients are parameterized as 1-day constants.
In traditional PPP, the convergence of the position highly depends on the accurate estimation of tropospheric delays [13] and, in general, requires a sufficiently long observation time span (for example, dozens of minutes) to reach the cm level. This process can be shortened by incorporating external troposphere information. In our study, estimation augmentations for tropospheric parameters are implemented via applying the following constraints
For the tomography model which provides slant delays, both the ZWD and gradient parameters are constrained in
where σ zwd_model represents the standard deviation of the ZWD provided by the apriori model. Its values are set as 38 mm, 35 mm, 10 mm, and 7 mm for the Saastamoinen, AN, VMF1, and tomography models, respectively, which were derived from our model evaluation results.
To understand the positioning performance, PPP results are derived using Bernese 5.2 software [35] and then linearly fitted as the reference solution (see Table 1 and Figure 1 ). We use self-developed software for PPP data processing, which can be easily adapted to include the various tropospheric correction models. IERS conventions required for PPP are included in the software to ensure the consistency with Bernese. 
Experiments and Results
The Lands Department of the Government of Hong Kong Special Administrative Region (HKSAR) has been operating the Hong Kong GNSS network since 2000 [36] . Before 2015, this network consisted of 12 GNSS stations, and their locations are shown in Figure 2 . At present, the GNSS network contains 18 stations and the number is still in increase. We processed the data (interval is 30 s) from three GNSS stations of the Hong Kong network over the whole year of 2013. The three stations have relatively large differences in their heights: HKSC (at height of 20 m), HKLT (at height of 126 m), and HKST (at height of 259 m). The top boundary of the tomographic model is set to 8.5 km, as the atmosphere above this height in Hong Kong can be regarded as dry air. In the vertical direction, the troposphere is discretized into 15 nonuniform layers. From the ground to the top, the layer thickness is arranged as follows: 400 m for the bottom five layers, 500 m for the next four layers, 600 m for the next three layers, 700 m for one layer, and 1000 m for the top two layers. In the horizontal direction, resolutions of 0.08° (about 8.5 km) are determined for both latitude and longitude directions. In the tests for the HKSC station, only 11 stations except for HKSC were adopted in reconstructing the WR fields, and same for HKLT and HKST stations. This makes sure that the tomographic WR fields are independent on the testing stations. Based on this tomographic model, SWDs derived from the tomographic WR fields using multi-source data in Hong Kong have an accuracy of better than 12 mm [21] . The WR fields generated by the tomography have a temporal 
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Evaluation of Tomographic SWDs by ECMWF
Prior to the application of tomographic SWDs in PPP processing, we evaluated their quality by ECMWF ERA-Interim reanalysis products. ERA-Interim covers the period from 1 January 1979 onwards and continuously extends forward in near-real time [38] . In the generation of reanalysis products, various observations including synoptic stations, ships, ocean-buoys, radiosonde stations, aircraft, and remote sensing observations were adopted to recreate the past atmospheric conditions [38] . Reanalysis data provide a good quality of global atmospheric profiles, thus, they have been widely used in research such as data evaluation, meteorology, and climate change. ERA-Interim reanalysis products have a 6 h time resolution and 10 different horizontal resolutions varying from 0.125° × 0.125° to 3° × 3°. Our comparison adopted the reanalysis products with the highest resolution of 0.125° × 0.125° since Hong Kong is a small region. We calculated the SWDs of all the 12 GNSS stations from both tomographic WR fields and ERA-Interim reanalysis products over the whole month of May 2013 for a direct comparison.
In Table 2 , the comparison (tomography minus ECMWF) between tomography and ECMWF for all SWDs with elevation angles ranging from 5° to 90° yielded a bias of −0.57 mm and an RMS error of 35.65 mm. Table 2 also gives the statistics of the SWD comparison at different elevation intervals. We can observe that RMS error decreases quickly as elevation increases. RMS error for SWDs of elevations between 5° and 10° is more than 6 times the RMS error of SWDs with elevations greater than 60°. Tomographic SWDs between 5-10° achieved an RMS error of 91.36 mm when compared with ECMWF. For elevations higher than 60°, the RMS error reduces to 14.78 cm. The quality of tomographic SWDs degrades with the elevation decreasing is likely to be explained by (1) a GNSS 
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Static PPP Solutions

Kinematic PPP Solutions
As mentioned before, the tropospheric delay is highly correlated with the height, thus, the kinematic PPP is expected to benefit a lot from using tomographic WR fields. We further investigated the performance of kinematic processing results over time using the different tropospheric correction methods. Note that the tested GNSS data have a 30-s sampling rate. With the assumption that the PPP solutions require 2 h to converge, we excluded the first 2 h of the results in our analysis. Figure 5 shows the time series of kinematic coordinate errors at sample station HKLT on 22 May 2013. It is shown that the filter is initialized at the beginning of the processing and takes about 2 h to converge.
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Convergence Time
Based on the kinematic PPP results for the whole year of 2013, we further analyzed the time required for position converge. For the three coordinate components, when the corresponding errors with respect to reference values remain below 0.1 m for at least 10 epochs afterward, they are considered converged, whilst the error of 0.2 m is adopted for 3D position convergence. Figure 8 shows the convergence times for three Hong Kong stations and five tropospheric correction methods averaged over the whole year of 2013. The tomography-based solutions have a shorter convergence time compared to the traditional, Saastamoinen, AN, and VMF1 models, which is especially obvious in the up component. This finally results in a higher convergence performance in the 3D position when the tomographic method is applied. 
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Based on the kinematic PPP results for the whole year of 2013, we further analyzed the time required for position converge. For the three coordinate components, when the corresponding errors with respect to reference values remain below 0.1 m for at least 10 epochs afterward, they are considered converged, whilst the error of 0.2 m is adopted for 3D position convergence. Figure 8 shows the convergence times for three Hong Kong stations and five tropospheric correction methods averaged over the whole year of 2013. The tomography-based solutions have a shorter convergence time compared to the traditional, Saastamoinen, AN, and VMF1 models, which is especially obvious in the up component. This finally results in a higher convergence performance in the 3D position when the tomographic method is applied. Table 5 gives the means and standard deviations (STDs) of convergence times averaged over the whole year of 2013 for the three stations. For the north and east components, the tomography yields a slightly smaller convergence time compared with the other four models. However, in the up component, the tomography method takes about 32 min to convergence below 0.1 m, whereas the convergence times are about 44 min, 41 min, 42 min, and 36 min for the traditional, Saastamoinen, AN, and VMF1 methods, respectively. In terms of the 3D position, the tomography approach reduces the convergence time by 4-30% compared to the other four models.
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Conclusions
Since the tropospheric effects are frequency independent for the GNSS signals, the tropospheric ZWDs, in general, are estimated as additional parameters in the traditional PPP data processing. With additional accurate wet delay information, it is possible to reduce the positioning convergence time and improve the PPP results. We have analyzed the impact of tomographic WR fields on the determination of positioning components and convergence time in both static and kinematic PPP.
Three GNSS stations with relatively large height differences from the Hong Kong GNSS network were employed in this paper. Performance tests were conducted using GNSS observations collected at these sites over the whole year of 2013. For a direct comparison, we also examined the impacts of using traditional, Saastamoinen, AN (Askne and Nordis), and VMF1 models on the PPP estimation process. In the data analysis, PPP positioning resulting from both static and kinematic modes were presented and discussed.
For the static PPP processing, the 3D RMS errors obtained by applying the tomography model were less than 3 cm in general, which were about 1 cm smaller than those for the traditional, Saastamoinen, AN, and VMF1 models. The statistics in the north and east components are similar for Probability Probability Probability Probability Figure 9 . The histograms of the convergence times for the north, east, up and 3D derived from all the three stations over the whole year of 2013.
For the static PPP processing, the 3D RMS errors obtained by applying the tomography model were less than 3 cm in general, which were about 1 cm smaller than those for the traditional, Saastamoinen, AN, and VMF1 models. The statistics in the north and east components are similar for all five tropospheric correction models. However, for the up component, the tomography-based solutions offer a significantly better performance than those of the other four models. The tomographic products can reduce the 3D RMS error of the static PPP by about 0.7-1.6 cm.
For the kinematic PPP processing, the traditional, Saastamoinen, AN, VMF1, and tomography models exhibited comparable statistics for the north and east components, while the tomography-based solutions were much better in the up component. Consequently, the 3D RMS errors for the tomography-based solutions were about 2 cm smaller than for those based on the other four models. The 3D statistics for the kinematic PPP processing directly reflects the up component behavior. Thus, we can conclude that the tomographic delay corrections benefit the up component estimation most for the kinematic PPP processing.
In addition, we investigated the convergence time for all tropospheric correction models using kinematic PPP results. In terms of the 3D position, the convergence times for tomography are 14-30%, 14-19%, 16-20%, and 5-12% shorter than for the traditional, Saastamoinen, AN, and VMF1 models, respectively. About 35% of the solutions converged within 20 min for tomography model, whereas only 23%, 24%, 25%, and 30% solutions obtained convergences within 20 min for the traditional, Saastamoinen, AN, and VMF1 models. Thus, using the tomographic SWDs is also beneficial for shortening the convergence time on kinematic PPP processing. This study demonstrated the significant improvement in PPP processing with the use of high-quality tomographic WR fields instead of empirical tropospheric models. Consequently, except for applications in meteorology, it is expected that the tomographic products will also benefit a lot to the real-time PPP processing. 
